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A B S T R A C T   
Long-term community resilience, which privileges a long view look at chronic issues influencing communities, 
has begun to draw more attention from city planners, researchers and policymakers. In Phoenix, resilience to 
heat is both a necessity and a way of life. In this paper, we attempt to understand how residents living in Phoenix 
experience and behave in an extreme heat environment. To achieve this goal, we introduced a smartphone 
application (ActivityLog) to study spatio-temporal dynamics of human interaction with urban environments. 
Compared with traditional paper activity log results we have in this study, the smartphone-based activity log has 
higher data quality in terms of total number of logs, response rates, accuracy, and connection with GPS and 
temperature sensors. The research results show that low-income residents in Phoenix mostly stay home during 
the summer but experience a relatively high indoor temperature due to the lack/low efficiency of air- 
conditioning (AC) equipment or lack of funds to run AC frequently. Middle-class residents have a better living 
experience in Phoenix with better mobility with automobiles and good quality of AC. The research results help us 
better understand user behaviors for daily log activities and how human activities interact with the urban 
thermal environment, informing further planning policy development. The ActivityLog smartphone application is 
also presented as an open-source prototype to design a similar urban climate citizen science program in the 
future.   
1. Introduction 
Community resilience is defined in terms of how communities pre-
pare for, respond to, and recover from shock such as disasters and nat-
ural hazards including earthquakes, hurricanes, fire, and flooding 
(Cutter et al., 2014). Due to the drastic impacts from short-term di-
sasters, existing literature has mostly focused and extensively explored 
short-term disaster resilience topics via different resilience indicators 
(social, economic, institutional, policy, infrastructural, environmental, 
and community capital) (Cutter et al., 2010). Various new forms of data 
such as social media, fixed sensor network, and remotely sensed imagery 
have been used to understand the topic with advanced methodologies (i. 
e. machine learning, Bayesian network, and cyberinfrastructure) (Cai 
et al., 2018; Li et al., 2015; Mihunov et al., 2020; Zou et al., 2019). 
However, long-term community resilience, which privileges a long view 
look at chronic issues affecting communities, has begun to draw more 
attention from city planners, researchers and policymakers (Cutter, 
2020). Long-term, chronic and slow-moving “disasters” can create 
similar or even higher levels of damage to human communities over the 
long run. Thus, it is important to understand how communities can 
learn, respond, and adapt to long-term social, economic, and environ-
mental community stresses (i.e. recurring drought or flooding condi-
tions, long-term heat stress, and sea level rise) (Beheshtian et al., 2018; 
Ranjan Ram, 2014; Zhao et al., 2020). 
Among all of the types of long-term community stresses, extreme 
cold/heat weather exposure as well as extended periods of winters/ 
summers, pose a growing health threat to residents in the United States. 
Although extreme cold weather events and cold-related deaths have 
received more attention from academic research, media, and govern-
ment (Howden-Chapman et al., 2012; Vonnak and Zhao, 2020), extreme 
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heat actually ranked as the leading cause of weather-related illness and 
death (Putnam et al., 2018; Zhao et al., 2018a). The actual number of 
deaths from heat, however, is believed to be much higher than reported 
because extreme heat is typically a contributing factor for other causes 
of death from existing health conditions, such as chronic ischemic heart 
disease and cardiovascular disease (Shen et al., 1998). This fact poses 
significant health threats to heat vulnerable individuals (i.e., elderly 
adults, infants and children) and low-income individuals and families 
who reply on public transportation, and live in low energy efficiency 
dwellings and have to pay high utility costs due to the need for AC use 
(Kovats and Hajat, 2008). 
In Arizona, heat-related deaths range up to hundreds of people each 
year, and may be intimately tied to the activities and actions of heat 
relief seeking behavior, not just physical exposure. People find relief 
from the heat in many ways, including public cooling stations (public 
places where people can find water and indoor shelter from the heat), 
community pools, urban green infrastructures, and friends’ and rela-
tives’ homes (Wang et al., 2021b; Wentz and Gober, 2007; Zhao et al., 
2018b). This behavior, physical exposure, and vulnerabilities to heat 
vary greatly across the city landscape (Wang et al., 2021a) and need to 
be understood from a fine spatial resolution. Furthermore, urban resi-
dents sometimes are unaware of the danger presented by the hot phys-
ical environment, or lack knowledge where cooling stations are located, 
may lack resources to protect themselves, or fail to correctly take action 
to avoid unnecessary heat stroke or other heat-related illness. 
Different from natural disasters and hazards, long-term community 
stress such as exposure to extreme heat is difficult to track and monitor 
due to the fact that each individual experiences it differently over a long 
time span, thus it has a peculiar human-centric nature. People, as a kind 
of sensor, have become sources of multiple data (objective and subjec-
tive) ranging from mobility, health risks to perceptions at individual 
level. Existing research has used small, portable, and affordable data 
loggers to measure personal heat exposure/individually experienced 
temperature (Kuras Evan R. et al., 2017). Portable and low-cost sensors 
such as Maxim Integrated iButton data logger and Onset HOBO data 
logger are widely used to track personal heat exposure (Bernhard et al., 
2015; Kuras et al., 2015). Most of the existing studies target outdoor 
workers or homeless populations in study areas with extreme heat 
conditions, such as Phoenix, Arizona, and Tallahassee, Florida (Bern-
hard et al., 2015; Longo et al., 2017; Uejio et al., 2018). Although 
continuous and consistent personal heat exposure sensor measurement 
can provide straightforward understanding of the surrounding heat 
environment, we cannot fully understand the actual personal heat 
exposure and health threats without human activity logs and survey 
responses from individuals (Thompson et al., 2018). A comprehensive 
set of sensor measurements with human behavior and perception data is 
necessary to understand and help vulnerable groups, people experi-
encing homelessness, and outdoor workers reduce their potential health 
risks from heat during extreme summer temperatures. 
Although existing research has explored personal heat exposure by 
using portable sensors, the sensor data alignment, cleaning, integration, 
accuracy, quality control, real time monitoring, and analysis remain a 
significant burden for researchers due to the separated pieces of the data 
collection process. Furthermore, traditional paper-based questionnaire 
surveys and activity logs are laborious, erroneous, expensive and 
temporally less flexible, often with sampling bias due to a lack of robust 
sampling frames (Thakuriah et al., 2020). Thus, an integrated, afford-
able, accurate, and readable portable sensing and digital survey/activity 
log system that can collect and align human activities, locations, time, 
and urban microclimate data, is effective and necessary. 
The goal of this research is to understand how residents living in 
Phoenix experience, behave, and interact in the extreme heat environ-
ment, by providing and assessing a tool and method that improves our 
ability to link across physical and social datasets. This in turn aims to 
inform solutions to help mitigate heat stresses, reduce heat-related 
death/illness, and improve overall health conditions. To achieve this 
research goal, we designed, created, and evaluated a newly integrated, 
low-cost, accurate, and readable portable sensing system via smart-
phone called ActivityLog. We show how this system can collect data 
efficiently and facilitate urban climate community to do health-related 
citizen science research, which is typically laborious and expensive. In 
this research, we evaluate the advantages and disadvantages of paper- 
based and smartphone-based activity logs from various criterions such 
as location accuracy, activity log completeness, and environmental 
sensing effectiveness. The research results can help researchers better 
understand how human activities interact with the urban thermal 
environment and inform health and planning policy development. This 
research is part of the Knowledge Exchange for Resilience (KER) 
initiative to create a smart data platform and integrate resilience data 
collected from community stakeholders, social media, citizen science, 
and local and federal organizations to identify and mitigate resilience 
threats. 
2. Background 
Researchers continue to design, build, and incorporate smartphone 
technology into citizen science programs to help manage data collection 
and submission process. Many researchers develop smartphone appli-
cations based on an open-source framework on either iOS or Android 
platform to facilitate the citizen science data collection via various 
portable sensors or integrated sensors within the smartphone. Existing 
examples includes invasive plant detection and biodiversity conserva-
tion (Adriaens, 2015; Burr et al., 2014, p. 2; Starr et al., 2014), smart 
farming (Yu et al., 2017), environmental risk detection (i.e. air quality, 
chemical contamination, noise) (Blair et al., 2018; Haddad and de 
Nazelle, 2018; Snik et al., 2014; Zhang et al., 2019), medical data 
collection and biomedical research (Schmitz et al., 2018; Wogenstein 
et al., 2018), natural environment monitoring (Bossu et al., 2018; Busch 
et al., 2016), and inquiry-based science learning (Sharples et al., 2017). 
Many of the citizen science smartphone applications have been made 
publicly and freely available on the Apple App Store or Google Play (i.e. 
enviroCar, LastQuake) (Bossu et al., 2018; Bröring et al., 2015) for 
general public to download and use. The use of smartphone applications 
in the citizen science programs make it much faster and easier to collect 
research data, reduce research cost, as well as improving overall data 
collection accuracy. 
To enable smartphone data collection through citizen science pro-
grams, lightweight and low-priced portable sensors (Global Positioning 
System (GPS), Bluetooth-enabled environmental sensors, etc.) are 
necessary (Donaire-Gonzalez et al., 2016). These sensors generate 
continuous streams of fine-grained data with high spatio-temporal res-
olution, which brings new opportunities for understanding urban envi-
ronments and urban residents’ behavior (Li et al., 2019; Mafrur et al., 
2015). In particular, these sensors can capture the location and status of 
mobile human and non-human objects in cities and their continuous 
interaction with physical and built environments (Sila-Nowicka and 
Thakuriah, 2019). The new type of sensor-based in situ information from 
portable sensing platforms facilitates – even compels – the development 
of new methodological approaches and analytical frameworks to un-
derstand or innovate old and new urban issues. 
There are various types of portable sensors that record the behavior 
and status of the people or objects that carry them (e.g., intensity of 
activity, physical status, environmental awareness, health status) and 
characteristics of their surrounding environment (e.g., noise, tempera-
ture, air quality) (Al-Dowaihi et al., 2013; Kanjo, 2010; Kanjo et al., 
2009; Kao et al., 2009; McKercher et al., 2017; Rabbi et al., 2015; Vla-
chokostas et al., 2012). While portable sensors are part of the 
data-intensive science paradigm in the urban big data era, the technol-
ogy, and the data that they generate require special attention for at least 
the following reasons. First, it is important to record the mobility/spatial 
information of moving agents along with other types of sensor infor-
mation as they navigate the stress or hazard. Therefore, an integration of 
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location tracking technologies such as GPS and Radio frequency iden-
tification (RFID) are necessary. Second, collected portable sensor in-
formation has high spatial and temporal resolution. Consequently, a 
central advantage of the technology is that it allows the dynamic and 
near real-time representation and analysis of urban environments and 
their inhabitants’ movements. 
Despite the significant potential, there are several limitations of 
current portable sensing technologies. Compared to stationary sensors, 
portable sensors tend to have lower data integrity and are mostly carried 
by human or non-human objects. This will increase the overall sensing 
errors due to various urban obstacles and frequent indoor/outdoor 
environment change that induces bias in the data analysis stage (Kanjo 
et al., 2008). Further, since people spend most of their time indoors 
compared to outdoors (Höppe, 2002), GPS cannot provide precise 
location information for the indoor environment. A different location 
tracking technology is needed to facilitate portable indoor urban 
sensing. Third, few portable sensors have a good integrated system that 
provides data display and visualization on smartphones. This prevents 
smartphone users from understanding their surrounding physical and 
built environment in real-time, which reduces the value of portable 
sensing technologies. Additionally, battery consumption, memory/-
storage, and GPS/Bluetooth connectivity still influence accuracy and 
completeness of the data collection (Kanjo et al., 2008). Finally, most of 
the portable sensors and smartphones are still relatively expensive for 
low-income populations. This is a barrier for researchers and policy 
makers to study the behaviors and habits of economically disadvantaged 
populations, who are among those most vulnerable yet who are pre-
cisely those who may benefit from more detailed research attention. 
3. Study area and methods 
3.1. Study area 
The study area focused on the City of Phoenix and City of Chandler 
within Maricopa County, Arizona (Fig. 1). Maricopa County is home to 
27 cities and municipalities including the Cities of Phoenix, Tempe, 
Mesa, Scottsdale, Mesa, Gilbert, Chandler, Glendale, and Goodyear 
(“Cities, Towns and Communities in Maricopa County | Maricopa 
County, AZ,” 2019). For the winter months, the annual mean 
temperature is around 21 ◦C. This warm and dry climate during the 
winter season along with a low cost of living, plenty of job opportunities 
in the public and private sectors, convenient highway and transportation 
systems, over 300 days of sunshine, and social and cultural amenities 
make the region as one of the most attractive relocation destinations 
from cold areas. However, the pleasant wintertime temperatures are in 
contrast to severe high summertime temperatures. Summer typically 
lasts from June to September and the summer extreme temperatures in 
Maricopa County can exceed 49 ◦C. In summer 2018, the average 
maximum air temperature is higher than 40 ◦C and the average mini-
mum air temperature is higher than 26 ◦C (Table 1) (Climate Data On-
line (CDO), National Climatic Data Center (NCDC), 2021). In Phoenix, 
the daily highest temperature is reached around 3–5pm, which is diffi-
cult for local residents to stay away from the heat since this is an active 
afternoon time for home-work transit, school pickup, and running er-
rands, etc. The entire area heavily relies on air-conditioning to mitigate 
heat stress during the summer. The number of indoor heat-related death 
have continued to increase in Maricopa County over the past 5 years 
(Harlan et al., 2012; Putnam et al., 2018), which has put many 
low-income families at risk when they cannot afford the higher sum-
mertime cost of running air conditioning. 
3.2. HeatMappers citizen science program 
HeatMappers is a citizen science program in which we recruited 
volunteers to collect location/time, climate, and human activities data 
about their heat exposure during their daily life routine. To better un-
derstand heat risks in the Phoenix area, HeatMappers volunteers tracked 
Fig. 1. Study area.  
Table 1 
Summer weather conditions from Phoenix airport weather station.  
Month/Year Average Maximum 
Air Temperature (◦C) 
Average Minimum 




June 2018 40.6 26.1 0 
July 2018 42.2 30.0 1.8 
August 2018 40.6 28.3 3.8 
September 
2018 
40.0 26.7 1.1  
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their heat exposure both qualitatively and quantitatively. Volunteers 
were recruited by our community partners (the Salvation Army Metro 
Phoenix in City of Phoenix (“The Salvation Army Metro Phoenix,” 2019) 
or the AZCEND in City of Chandler (“AZCEND – Feeding Family Needs 
since 1966,” 2019)) and received kits in summer 2018 then began a 
10-day study period. These partners serve low-income families, and 
among other programming, offer utility assistance support to pay elec-
tric bills (Zhao et al., 2020). Each kit included an instruction manual and 
survey (in English and Spanish), an in-home temperature logger (Onset 
HOBO Temp/RH 2.5% Data Logger, Part # UX100-011A), GPS device 
(Columbus V-900 Bluetooth GPS Data Logger), and a portable climate 
logger (Kestrel DROP D2 Wireless Temperature & Humidity Data 
Logger, SKU 0720). The equipment was housed in a small box, which 
was mailed back to the university or collected at the drop off points 
when the study period was over. In the HeatMappers citizen science 
program, we asked volunteers to carry the portable climate sensor 
(Kestrel Drops) with the GPS device over a 10-day period to understand 
their exposure heat environment, and we also gave volunteers in-home 
temperature sensors to record their in-home temperature at their 
kitchen or living room. 
To measure the real feeling of heat, we used heat stress index 
measured in the Kestrel Drop in our analysis. The heat stress index is 
factored by relative humidity and air temperature (National Weather 
Service, 2019) and the detailed calculation of the heat stress index can 
be found from the National Weather Service (National Weather Service 
Weather Prediction Center, 2014). More details about NOAA’s heat 
street index classification is shown in Table 2 (NOAA, 2021). 
The volunteers also filled out a paper activity log handbook to record 
their personal activities from 8 a.m. to 8 p.m. during the 10-day period. 
In the activity log handbook, we asked volunteers to fill in their detailed 
activities information including general indoor or outdoor locations as 
well as specific places such as home, work, transit, shopping, restaurant, 
exercise, and other locations. Volunteers could also fill in activity by 
themselves in the empty space (Fig. 2). At the end of the HeatMappers 
citizen science programs, all the participants are asked to fill out a post- 
HeatMappers social survey about their demographic information, life 
history, household status and infrastructure, health conditions, neigh-
borhood infrastructure, use of utility assistance programs, and use of 
activity log. The survey was used to collect demographic information 
from our volunteers as well as information regarding their (and their 
families) perception of heat risks, their personal actions to find relief 
from the heat, and habits regarding personal heat mitigation. 
3.3. ActivityLog smartphone platform 
Although activity log data can be collected through the traditional 
paper-based method with GPS devices in the HeatMappers program, 
there are many known issues with the existing data collection methods 
including mismatch of time stamp between sensors, poor hand writing 
and data missing, high data cleaning and entry cost, limited GPS battery, 
Table 2 
Heat stress index classification.  
Classification Heat Street Index Effect on the Body 
Caution 26.7 ◦C – 32.2 ◦C Fatigues possible with prolonged exposure and/or physical activity 
Extreme Caution 32.2 ◦C – 39.4 ◦C Heat Stroke, heat cramps, or heat exhaustion possible with prolonged exposure and/or physical activity 
Danger 39.4 ◦C – 51.1 ◦C Heath cramps or heat exhaustion likely, and heat stroke possible with prolonged exposure and/or physical activity 
Extreme Danger 51.1 ◦C or higher Heat stroke highly likely  
Fig. 2. Paper activity logbook.  
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because of the low or irregular smart phone usage and lack of a cellular 
data plan or WiFi-access. 
4. Analysis and results 
4.1. Survey participant recruitment and socio-demography analysis 
Fifty-nine volunteers who previously or currently receive utility 
assistance from the Salvation Army Metro Phoenix and AZCEND 
participated in our paper-based HeatMappers pilot study from July to 
September 2018. Information sessions were given by ASU KER research 
team in the Salvation Army Metro Phoenix office and the AZCEND 
Chandler office to introduce the HeatMappers citizen science programs 
to the case workers. Further, case workers recruited volunteers and 
introduced how to use the HeatMappers citizen science kits. Each of the 
volunteers carried one Kestrel Drop device and one GPS device, and used 
a paper-based ActivityLog. 
Volunteers from American Express Phoenix offices participated in 
our ActivityLog pilot study from August to September 2018. Information 
sessions were given by ASU KER research team in the American Express 
offices to introduce the HeatMappers citizen science programs and 
educate volunteers about how to use ActivityLog smartphone 
applications. All the volunteers downloaded the ActivityLog mobile 
application and carried one Kestrel Drop device for recording climate 
data. Because of the various start dates for different volunteers, the study 
period for American Express volunteers was from August 13 to 
September 5, 2018. 
The detailed descriptive statistics of survey participants socio- 
demographic information is shown in Table 3. The utility assistance 
group has more low-income participants compared to American Express 
volunteers. Gender, ethnicity, and marriage status are similar in both 
groups. The utility assistant group has more diverse employment status 
and most of the American Express volunteers are employed for wages. 
Higher education experience and lower age have also been found in the 
American Express volunteer group. 
4.2. HeatMappers paper log analysis 
4.2.1. Descriptive statistics 
Among the 59 volunteers, only 44 volunteers have filled in at least 
one activity log in the logbook. There are 1,565 activity logs collected on 
paper from 44 volunteers and the average number of logs for each 
volunteer is 35.6. We matched the activity logs with Kestrel Drops and 
GPS devices based on the log time. Only 415 logs (26.5% of the logs) 
Table 3 
Descriptive statistics of survey participants socio-demographic characteristics.   
Utility Assistance Group American Express Group 
Income (%) 
Sample Size 37 7 
Less than $10,000 29.7 0 
$10,000 to $29,999 18.9 14.3 
$30,000 to $49,999 18.9 14.3 
$50,000 to $79,999 5.4 0 
$80,000 to $99,999 13.5 42.9 
$100,000 to $149,999 10.8 14.3 
$150,000 or more 2.7 14.3 
Gender (%) 
Sample Size 44 9 
Female 70.5 66.7 
Male 29.5 33.3 
Ethnicity (%) 
Sample Size 44 9 
White 54.5 66.7 
Asian or Asian American 2.3 11.1 
Hispanic 13.6 11.1 
Black or Black American 13.6 0 
Native American or American Indian 2.3 0 
Mixed 13.7 11.1 
Marriage Status (%) 
Sample Size 43 9 
Married or domestic partnership 39.5 44.4 
Single 32.6 33.3 
Separated 4.7 11.1 
Divorce 18.6 11.1 
Widowed 4.7 0 
Employment status (%) 
Sample Size 44 9 
Employed for wages 29.5 66.7 
Retired 15.9 0 
A student 4.5 11.1 
Out of work and looking for work 11.4 22.2 
Homemaker 9.1 0 
Unable to work 13.6 0 
Other 16.0 0 
Education (%) 
Sample Size 42 9 
High School graduate or below 23.9 22.2 
Bachelor’s degree or some college experience 64.2 55.5 
Graduate or professional degrees 7.2 22.2 
Prefer not to answer or no specific information 4.8 0 
Age Min Max Mean Std Min Max Mean Std 
Sample Size 44 9  
19 76 47.7 17.2 21 55 37.6 10.4  
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have location data from GPS device because of the low indoor GPS ac-
curacy and GPS battery limitation as well as the time information 
missing in the logs. We have successfully matched 1037 paper activity 
logs (66.3% of the logs) with Kestrel Drop climate data including air 
temperature, relative humidity, and heat stress index (Table 4). The 
missing data are consequences of the battery limitation of Kestrel Drops 
and equipment lost. A detailed spatial distribution of the paper activity 
logs is shown in Fig. 4. We can observe two hot spots near the Salvation 
Army Metro Phoenix service offices (115 logs) and the AZCEND service 
office (113 logs). Since most of the volunteers do not own a personal car 
and use public transportation, we see a spatially constrained activity 
space from the maps. 
In the paper logbook, volunteers were asked to fill in both their 
general and specific locations for each log entry. Among all the logs, 
1122 (71.7%) of logs were documented as indoor, and 314 (20.1%) of 
logs were documented as outdoor. 129 (8.2%) of logs identified both 
indoor and outdoor options at the same time or other locations (Table 4). 
Further, we asked volunteers to fill in their specific locations. The 
logbook has 6 fixed options including home, work, transit, shopping, 
restaurant, and exercise. Besides the 6 fixed options, volunteers can 
write their specific locations on their own in the blank space. Fig. 5 
shows the specific locations distribution from the paper logs. Among the 
6 fixed specific locations, 71.0% of the logs were identified at home with 
65% of the home logs in the indoor environment, following by work 
(6.0%), transit (4.4%), and shopping (2.8%). Besides the 6 fixed options, 
we observe some other common locations such as church, library, and 
Fig. 4. Spatial distribution of the paper activity log.4  
Table 4 
Descriptive statistics of paper and smartphone activity logs.   
Paper-based Logs Smartphone-based Logs 
Total number of volunteers 44 9 
Total number of logs 1565 (100%) 486 (100%) 
Indoor logs 1122 (71.7%) 365 (75.1%) 
Outdoor logs 314 (20.1%) 121 (24.9%) 
Other logs with error 129 (8.2%) 0 
Average number of logs per user 35.6 54.0 
Logs matched with location/time data from GPS 415 (26.5%) 486 (100%) 
Logs matched with climate data from Kestrel Drops 1037 (66.3%) 258 (53.1%)  
4 A geospatial visualization of the paper activity log with time, location, and 
heat stress index can be found at https://github.com/Resilience-ASU/Activi 
tyLogPaper/blob/master/Visualization/UtilityAssistance_ActivityLogs_379Log 
s_Visualization.mp4. 
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school, and some volunteers also put multiple options in their response 
(12.6% in other category in total). 
4.2.2. Heat stress index analysis 
In this section, we further analyzed the heat stress index for each log 
category. The accuracy of the climate data heavily depends on whether 
the volunteers always bring their Kestrel Drops with them during the 
citizen science programs period. Fig. 6 represents the heat stress index of 
volunteers from utility assistance groups for both “indoor” and “out-
door” at each specific location category. We observe higher average 
outdoor heat stress index compared to average indoor heat stress index 
for most of the categories except work and restaurant categories, and the 
average indoor/outdoor temperatures are all less than 35 ◦C. For the 
home categories, the average outdoor and indoor heat stress indices are 
very similar. It is worthwhile to mention that among 615 indoor heat 
stress index observations, we have a large number of observations with 
the indoor heat stress index higher than 35 ◦C, including the highest heat 
stress index of 55 ◦C. This result certainly warrants further attention for 
the indoor living environment of the most vulnerable people who 
receive utility assistance. 
Fig. 6. Heat stress index (unit: ◦C) for paper activity log categories (n represent the number of logs in each boxplot).  
Fig. 5. Activity logs breakdown by category for paper users.  
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4.3. ActivityLog smartphone log analysis 
4.3.1. Descriptive statistics 
There are 486 activity logs from the smartphone application (54 logs 
in average per person), and all are associated with time and location. 
Fig. 7 shows the spatial distribution of the smartphone activity logs from 
the American Express volunteers. Two American Express office locations 
have 162 logs and 51 logs on the map. Because volunteers from Amer-
ican Express tend to own a personal car, there are many logs are 
recorded in the Phoenix metropolitan area such as City of Tempe, Mesa, 
Chandler, and Phoenix. Among the 486 activity logs, 365 logs (75%) are 
indoor logs, and 121 logs (25%) are outdoor logs. Only 53% of the logs 
have climate data from Kestrel Drop because of the Bluetooth distance 
restriction (15m) (Table 4). We have 100% of the logs have location data 
from smartphone location service. The majority of the activity logs 
(87%) were located at “home”, “work” and “transit” and we do not have 
any multiple activities category in the smartphone activity log as well 
(Fig. 8). Besides “transit” and “exercise” activities, most other activities 
happen in indoor environments. 
4.3.2. Heat stress index analysis 
Fig. 9 represents the heat stress index of American Express volunteers 
for both indoor and outdoor environments at each specific location. A 
consistent higher heat stress index was observed in the outdoor envi-
ronment for American Express volunteers. The average indoor heat 
stress indices for “home” and “work” categories are around 26 ◦C, which 
represents a consistent use of air conditioning at residential home and 
working space. “Transit” and “exercise” are categories that need special 
attention because most of these activities happen in the outdoor envi-
ronment and the maximum outdoor heat stress index is higher than 40 
◦C. This high level of heat stress may cause heat-related health problems 
even for the middle-class residents. 
4.4. Location accuracy assessment 
4.4.1. Home location accuracy assessment comparison between paper- 
based and smartphone-based activity log 
To evaluate the effectiveness of collecting volunteers’ location in-
formation, we compared the location accuracy of the activity log labeled 
as “home” between paper logs and smartphone logs. The home addresses 
of users are all collected from the HeatMappers survey. The home ad-
dresses were converted into latitudes and longitudes using Google Maps 
Geocoding API in Python. In the paper log, volunteers used GPS devices 
to log their location and most of the GPS can only achieve the location 
precision of 100 m (i.e., 0.001 arc-degree in latitude and longitude). For 
analysis consistency, we compare the paper activity log location accu-
racy and smartphone activity log location accuracy at the precision of 
100 m. We successfully identified 255 paper-based logs from 18 vol-
unteers from utility assistance group with a “home” activity log with a 
location precision of 100 m or higher. From the smartphone-based ac-
tivity log, we have a total of 222 logs identified as “home” log from the 9 
American Express volunteers. By comparing the home address with the 
Fig. 7. Spatial distribution of the smartphone activity log.5  
5 A geospatial visualization of the smartphone activity log with time, loca-
tion, and heat stress index can be found at https://github.com/Resilience-AS 
U/ActivityLogPaper/blob/master/Visualization/AmericanExpress_ActivityLogs 
_258Logs_Visualization.mp4. 
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actual locations from specified logs, the overall accuracy at 100m pre-
cision of the paper-based logs is 65%, and the overall accuracy of the 
smartphone-based logs is 73% (Table 5). 
By further analyzing our results, there were some interesting patterns 
in terms of the location accuracy based on user behaviors. Volunteers 
from the utility assistance group who have a maximum of 10 logs have 
significantly lower accuracy than the American Express volunteers (50% 
vs. 72%). However, volunteers from the utility assistance group who 
have logs between 10 and 50 have much higher logging accuracy (50% 
vs. 79%) and have similar accuracy compared to American Express 
employees (79% vs. 84%). These results shows that the accuracy of 
paper-based activity logs highly depends on user participation level of 
the program, and the ActivityLog app generally has higher accuracy with 
the support of the smartphone location services. 
4.4.2. Home and office location accuracy for smartphone activity logs 
Further, we evaluate and compare the location accuracy of smart-
phone activity logs at both home and work locations. Since the smart-
phone uses a combination of built-in GPS, Wi-Fi network and cellular 
network connection to obtain locations, it has a higher location accuracy 
compared with GPS devices, especially in the indoor environment. We 
picked the “home” logs and “work” logs from our smartphone-based 
activity logs because the majority of our volunteers were in indoor set-
tings (71%). We obtain volunteers’ home address from the HeatMappers 
survey and their office locations from American Express. Their home and 
office addresses were geocoded and compared with the location infor-
mation collected via ActivityLog smartphone application. 
In this comparison, we use 0.0001 arc-degree latitude and longitude 
difference to show a 10 m location precision. The results show that office 
logs have 100% accuracy with 130 logs, but home logs only have 32% of 
Fig. 9. Heat stress index (unit: ◦C) for smartphone activity log categories (n represent the number of logs in each boxplot).  
Fig. 8. Activity logs breakdown by category for smartphone users.  
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accuracy within the 10 m precision. If we release the location precision 
to 100 m, the home logs accuracy increases from 32% to 73% (Table 6). 
4.5. Survey response rate 
At the end of the data collection period, participants were instructed to 
complete a survey of 66 questions to gather demographic information, 
heat related concerns, and awareness of utility assistance programs. We 
asked 47 multiple choice questions and 19 text input questions. We 
received completed surveys from 43 out of 59 volunteers from the utility 
assistance group and all the American Express volunteers participated in 
the smartphone-based survey. The overall response rate of the survey with 
smartphone logs is 91.4%, and with paper logs is 73.6%. We obtained a 
better survey response rate from the smartphone-based survey comparing 
to paper-based survey, and also higher response rate from multiple choice 
questions compared to text input questions (Table 7). 
5. Discussion 
By running the HeatMappers citizen science programs in summer 
2018, we tested the effectiveness of collecting and understanding heat 
resilience in Maricopa County, Arizona by using both paper-based ac-
tivity logs and smartphone-based activity logs. After comparing the 
smartphone-based activity log results with the traditional paper-based 
activity log results, the smartphone-based activity log shows a higher 
data quality in terms of log completeness, average log numbers per user, 
activity log and survey response rates, connectivity with GPS and tem-
perature sensors, and overall data accuracy. 
There are several drawbacks from the paper activity log version of 
HeatMappers, which is similar to what was found in Wentz et al. (1999) and 
Yabiku et al. (2017). First, since our volunteers stay in the indoor environ-
ment for more than 75% of their time, the standalone GPS device is not able to 
provide high-quality location information compared to smartphone location 
services and the battery runs out quickly. This issue causes high rates of 
missing location data, hampering understanding of the full range of behav-
iors of utility assistance volunteers. Second, to collect and use the data from 
hand-written paper activity logs, it requires intensively data entry, cleaning, 
and merging efforts. Furthermore, we had lost several equipment sets in the 
process of delivering and returning the volunteer kits. The loss of volunteer 
kits also decreases the data completeness rate. 
We have a “better” Kestrel Drop data match rate with paper activity 
log (66.3%) to smartphone activity log (53.1%). This is mainly because 
we match the temperature data with paper activity logs solely based on 
the log time. It is very difficult to check or validate if our volunteers from 
utility assistance groups always bring their Kestrel Drops with them, and 
the actual match rate can be much lower. On the contrary, since the 
Kestrel Drops need to stay within 15 m distance to connect with Acti-
vityLog smartphone application, the application ensures the Kestrel Drop 
captures the urban microclimate information of our volunteers. The 
temperature data collected from smartphone activity log have a higher 
data accuracy comparing to paper activity log. 
In the results, 71% of “home” logs were identified by the volunteers 
from the utility assistance group. At the same time, some of the volun-
teers experienced higher than 35 ◦C indoor heat stress index at home. 
This is a relatively high indoor heat stress index compared to other 
public facilities that regularly running air conditioning such as libraries 
and church (around 27 ◦C). This may be because the volunteers from the 
utility assistance group intentionally adjust their air conditioning to a 
relatively higher temperature comparing to other public facilities or 
cooling stations to save utility cost. We also observe a much higher in-
door heat stress index for the utility assistance group compared to the 
American Express volunteers. This phenomenon requires further atten-
tion and interviews with the volunteers from the utility assistance group 
to further advance our understanding of how low-income populations 
manage extreme heat during the summer in metro Phoenix. 
The ActivityLog app empowers residents with information on per-
sonal exposure in the extreme heat summer. This is particularly 
important for different income groups whose heath exposure can vary 
dramatically. Low-income residents in Phoenix who stay home in sum-
mer still experience a relatively high indoor temperature due to the 
lack/low efficiency of air-conditioning (AC) equipment or lack of funds 
to run AC frequently. Middle-class residents fare better in terms of 
experience with extreme temperatures in Phoenix given more mobility 
with automobiles and likelier access to frequent AC. Urban residents are 
sometimes not aware of how hot the physical environment is or not able 
to avoid unnecessary heat stroke or other heat-related illness (Wang 
et al., 2021a). With the real time monitoring components of ActivityLog, 
many of the citizen scientists reported to us that they started to be more 
aware of their personal heat exposure during the extreme summer. 
These feedbacks further confirm the importance and necessity of an 
integrated portable sensing system like ActivityLog to help residents live 
in Maricopa County to survive the extremely hot summers. 
Long term heat resilience is an important and emerging question for 
urban residents living in extreme heat environments such as Phoenix, 
Arizona. As urban areas throughout the world are grappling with hotter 
summers due to climate change, the Phoenix area is becoming a test case 
for how urban areas could become more resilient to heat (Guardaro 
et al., 2020; Solís et al., 2020). One contributing strategy is 
Table 7 
Paper-based and smartphone-based survey response rate comparison.   
Program participant 
numbers 
Survey participant numbers (answer 
at least one question) 
Overall 
response rate 
Multiple choice questions 
response rate 
Text input questions 
response rate 
Utility assistance volunteer survey 
(paper) 
51 43 (72.9%) 73.6% 78.9% 60.9% 
American Express volunteer 
survey (smartphone) 
9 9 (100%) 91.4% 96.9% 77.8%  
Table 6 
Location accuracy assessment and comparison of home and office logs in the 
smartphone activity logs.   
Location Precision Total Logs Accurate Logs Accuracy (%) 
Office Logs 10 m 130 130 100 
Home Logs 10 m 222 71 32 
Home Logs 100 m 222 162 73  
Table 5 
Location accuracy assessment and comparison of paper and smartphone activity 





Number of users 18 9 
Total home logs 255 222 
Overall accuracy (100 m precision) 65% 73% 
Accuracy for the users less than 10 home 
logs 
50% 72% 
Accuracy for the users who have logs 
between 10 and 50 
79% 84%  
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community-wide data collection efforts to measure and identify vul-
nerabilities. Another strategy is for individuals to develop 
self-awareness on how to manage heat. The further refinement and 
adoption of effective portable sensing systems that unite physical and 
social data, like ActivityLog, are urgently needed to enable smart miti-
gation and improve understanding of the detailed lived experiences of 
human heat exposure in ways that can reduce the health risks for 
vulnerable groups and low-income populations. 
Several limitations exist in this research. First, temperature variation did 
exist during the entire citizen science programs from July to September. 
Detailed daily climate/heat-wave information needs to be included to better 
understand the real-world heat exposure for the program participants. Sec-
ond, behavioral differences that may have been due to demographic differ-
ences across the two samples of participants were not fully explored in this 
testing phase. We did not ask volunteers from utility assistance groups to use 
the ActivityLog smartphone application. The main reason is because most 
participants lacked either a smartphone, or a cellular data plan/WiFi signal 
to support the data collection. Only a small group of volunteers from 
American Express helped the program test the ActivityLog smartphone 
application. The plausible outcome is that there is sampling due to the 
different socio-demographic factors for these two groups of volunteers 
(Swindle et al., 2014). Third, the small sample sizes of participants do not 
allow for stronger statistical tests across groups, but do suffice as 
proof-of-concept to point to the potential benefits of the tools and methods 
used in this research. In the future, low-cost Android smartphones or 
short-term data plans may be purchased for the volunteers from utility 
assistance programs to facilitate a future round of the HeatMappers citizen 
science programs. Furthermore, the case workers from the community 
partners were fully responsible for recruiting volunteers for the citizen sci-
ence programs. In the future, the research team will adjust the approach to be 
able to spend more time to help our partners better identify program 
participants. 
6. Conclusion 
The ActivityLog app is an efficient tool to collect location, time, envi-
ronment, human activities, and personal survey data in an integrated and 
low-cost method compared to the traditional separated paper-based survey 
and portable sensing. Furthermore, the smartphone application serves as an 
open-source prototype for system citizen science data collection. It facilitates 
the development of similar citizen science programs in urban communities 
around health and activity. It is a useful tool grounded in scholarly ap-
proaches and methodological experiences, that has the potential to further 
understand community resilience by facilitating previously burdensome, 
inaccessible or time-consuming data collection efforts in ways that results 
could inform planners how urban residents behave in the hot summer; 
showcasing how human activities interact with the urban thermal environ-
ment, and informing further planning policy development. 
Data collection tools such as ActivityLog, coupled with solutions such as 
cooling stations and utility assistance, can be the starting points for creating 
awareness, both individually and as a community, of the impact of heat and 
heat exposure. Through awareness, communities can strive toward a range 
of solutions that protect individuals, especially the most vulnerable. These 
solutions can then be adapted when events such as very high heat events 
strain the system further. Tools and approaches that advance integration of 
community and personal solutions helps us build fundamental knowledge 
for making our communities more resilient to increasing heat. 
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